Purpose: Lung segmentation is a fundamental step in many image analysis applications for lung diseases and abnormalities in thoracic computed tomography (CT). The authors have previously developed a lung segmentation method based on expectation-maximization (EM) analysis and morphological operations (EMM) for our computer-aided detection (CAD) system for pulmonary embolism (PE) in CT pulmonary angiography (CTPA). However, due to the large variations in pathology that may be present in thoracic CT images, it is difficult to extract the lung regions accurately, especially when the lung parenchyma contains extensive lung diseases. The purpose of this study is to develop a new method that can provide accurate lung segmentation, including those affected by lung diseases. Methods: An iterative neutrosophic lung segmentation (INLS) method was developed to improve the EMM segmentation utilizing the anatomic features of the ribs and lungs. The initial lung regions (ILRs) were extracted using our previously developed EMM method, in which the ribs were extracted using 3D hierarchical EM segmentation and the ribcage was constructed using morphological operations. Based on the anatomic features of ribs and lungs, the initial EMM segmentation was refined using INLS to obtain the final lung regions. In the INLS method, the anatomic features were mapped into a neutrosophic domain, and the neutrosophic operation was performed iteratively to refine the ILRs. With IRB approval, 5 and 58 CTPA scans were collected retrospectively and used as training and test sets, of which 2 and 34 cases had lung diseases, respectively. The lung regions manually outlined by an experienced thoracic radiologist were used as reference standard for performance evaluation of the automated lung segmentation. The percentage overlap area (POA), the Hausdorff distance (Hdist), and the average distance (AvgDist) of the lung boundaries relative to the reference standard were used as performance metrics. Results: The proposed method achieved larger POAs and smaller distance errors than the EMM method. For the 58 test cases, the average POA, Hdist, and AvgDist were improved from 85.4 ± 18.4%, 22.6 ± 29.4 mm, and 3.5 ± 5.4 mm using EMM to 91.2 ± 6.7%, 16.0 ± 11.3 mm, and 2.5 ± 1.0 mm using INLS, respectively. The improvements were statistically significant (p < 0.05). To evaluate the accuracy of the INLS method in the identification of the lung boundaries affected by lung diseases, the authors separately analyzed the performance of the proposed method on the cases with versus without the lung diseases. The results showed that the cases without lung diseases were segmented more accurately than the cases with lung diseases by both the EMM and the INLS methods, but the INLS method achieved better performance than the EMM method in both cases.
INTRODUCTION
Computer-aided diagnosis and quantitative image analysis are major advantages in digital imaging. Quantitative evaluation and automated feature analysis provide useful information to clinicians for making diagnostic decisions, in addition to the qualitative assessment and conventional visual interpretation. Computerized image analysis includes many steps that depend on the imaging modality being analyzed as well as the applications and diseases of interest. In this study, we developed an automated lung segmentation method that can serve as a fundamental step for image analysis of various lung abnormalities in thoracic computed tomography (CT). Specifically, it will be the first step for our computer-aided detection system for pulmonary embolism (PE).
PE is a common, potentially fatal condition with high morbidity and mortality yet treatable disease. 1 PE can partially or completely occlude pulmonary arteries. 2, 3 Usually thrombi form in the veins of the lower extremities or pelvis, and then travel into the pulmonary arteries. PE leads to an estimated 50 000 deaths per year in the United States. 4 PE diagnosis is based on clinical findings in combination with radiological studies. Computed tomography pulmonary angiography (CTPA) is a promising imaging modality for PE detection. 1, 3 However, each CT scan for PE detection produces an average of about 300 axial images with a range of 200-600 slices. An increased number of examinations and images per CT examination result in prolonged reading time, which increases the radiologist's workload and fatigue. Reader fatigue is found to be a cause of decreased detection accuracy of PE and false negatives. 5 Computer-aided detection (CAD) is potentially a viable approach to assist radiologists in the detection of PE and reduce the chance of missing PEs. 3, 5 Automated segmentation of lung regions is a fundamental step in quantitative image analysis and CAD for PE in CTPA and other thoracic abnormalities such as lung nodules or interstitial diseases in CT. Because of the variations of patient positioning, lung volume and shape at different stages of a respiratory cycle, and in particular, in lungs containing lung diseases, lung segmentation remains a challenging task for automated image analysis. 6 Several lung segmentation methods have been reported including thresholding, [7] [8] [9] [10] [11] classification, 12-14 registration, 15, 16 and model-based 17 methods. Armato et al. 8 used a multiple gray level thresholding method to segment the lung regions followed by refinement of the thresholded regions on the 2D slices using the knowledge of lung structures. Hu et al. 7 developed an automated method to choose an optimal threshold based on the gray level characteristics in a specific data set. Sensakovic et al. 18 used a fixed intensity threshold to create lung parenchyma candidate regions. A concavity elimination algorithm and a modified directional gradient correlation filter were then used to obtain the final lung segmentation by removing the nonlung regions. Using two gray-level thresholds determined by histogram analysis, Armato et al. 19, 20 developed a lung region segmentation method for automated lung nodule detection and analysis of pleural mesothelioma. Leader et al. 22 developed a heuristic threshold-based scheme for initial lung segmentation followed by a rule-based method to prune incorrectly segmented structures in the lung. These thresholding technique relies largely on the attenuation differences between the lung parenchyma and surrounding background, and tends to be unreliable when the lung contains abnormal regions, for example, a region of lung disease. 21 Korfiatis et al.
14 employed K-means clustering followed by a hole-filling operation to obtain an initial lung region, and then an iterative support vector machine (SVM) neighborhood labeling method was used to identify the lung boundaries based on gray level and wavelet coefficient statistical features. Wang et al. 12 obtained an initial lung region estimation that included normal and mildly abnormal lung parenchyma based on CT values. The texture features at each pixel were calculated from the co-occurrence matrix and used to identify the abnormal lung regions that contained interstitial lung disease (ILD). The initial lungs and the identified abnormal lung regions were combined as the final lung segmentation. However, this method would fail when the lung contained severe ILD.
Arzhaeva et al. 16 and Rikxoort et al. 23 combined the thresholding technique and registration approach for lung segmentation. A multiatlas segmentation-by-registration approach (MAS) was applied to the CT scans where the thresholding approach failed to segment the lung region. Sluimer et al. 15, 21 proposed a registration-based lung segmentation scheme, in which 15 CT scans with normal lungs were used as training set to build the masks of the normal lungs, and the masks were elastically registered to the test scans to identify the lung regions including those containing extensive diseases. The performance was evaluated in a small test set of only 10 cases. Li and Reinhardt 17 built a 3D statistical shape model based on the mean curvatures of lung in a training set. The model was then deformed iteratively by updating a snake for the refinement of the lung boundary. This method only considered normal scans and was not tested on lung scans with pathologies.
In clinical practice, many of the patients undergoing thoracic CT scans have lung diseases, making it difficult for an automated method to segment the lung regions accurately. 24 For accurate segmentation, the lung shape should be employed without depending solely on gray value information. Several methods have been reported to segment lung regions that contained lung diseases using the lung shape information. Sluimer et al. identified surrounding structures, such as the ribcage and the diaphragm, and combined those structures in a comprehensive segmentation scheme. 25 Prasad et al. 24 exploited the fact that the curvature of the ribs is closely matched to that of the lung boundary, and used a polynomial to approximate the curvatures of the ribs. A Bayes classifier was used to find the lung boundaries that had the optimal fitting to the polynomial model of rib curvatures. However, this approach was not applied to the whole lung volume, and it only segmented the middle region of the lungs on 2D slices.
We previously developed a lung segmentation method using expectation-maximization (EM) analysis in combination with morphological operations (EMM). 26 EM analysis was applied to the gray level histogram of the CT scan to estimate the threshold value for extraction of the lung regions. The rolling ball method 27 based on morphological operations was employed to connect the indentations where the arteries and veins enter and exit the lungs. However, the lung segmentation results were not accurate when the lung contained extensive diffused diseases, which are often present in patients with PE. In addition, PE detection methods developed for the aerated lung regions were not as effective in the diseased regions where the complex background structures could cause both false negatives (FNs) and false positives (FPs). A main motivation of this study is to improve PE detection by improving lung segmentation in the presence of lung diseases. If the diseased and the aerated regions in the lungs can be delineated, computer-vision techniques adaptive to the characteristics of the different structured background may be designed to reduce both FPs and FNs. In this study, we focused on the development of a novel method that utilized iterative neutrosophic operation and the rib anatomic information for improvement of lung segmentation. The novelty of this method is that we take advantage of the flexibility of the neutrosophic logic operation which facilitates the combination of the structural properties of the image and other operations such as morphological filtering and edge detection, and the iterative approach allows further control of the process. To our knowledge, this is the first study that applies an iterative neutrosophic method to lung segmentation in volumetric CT images. The performance of the method was evaluated by comparison with the radiologist's manual segmentation as reference standard.
MATERIALS AND METHODS

2.A. Data sets
With the approval of Institutional Review Board (IRB), we selected 5 and 58 inpatient CTPA scans retrospectively from the patient files at the University of Michigan as training and testing set, respectively. The exams were performed with injection of low osmolar nonionic contrast of iodine. All five training cases were acquired with four-slice CT scanner. For the test set of 58 CTPA scans, 12, 8, and 38 scans were acquired with a 4-, 8-, and 16-slice CT scanner, respectively. The CT scanners were GE LightSpeed QX/I (17 cases), LightSpeed Ultra (8 cases), and LightSpeed16 (38 cases). The image acquisition techniques were 120 kVp (34 cases) and 140 kVp (29 cases), 300-600 mAs (397 ± 68 mAs), 3 mm collimation, 1.25 mm reconstruction slice thickness, and 0.625 mm reconstruction interval. The reconstruction kernels were STANDARD (56 cases) and SOFT (7 cases) with BODY filter for all 63 cases. The in-plane pixel size ranged from 0.506 to 0.977 mm with mean and standard deviation of 0.681 ± 0.071 mm. The 58 CTPA cases were diagnosed with positive PE during the patients' clinical care. An experienced thoracic radiologist provided reference standards for the lung regions by manually outlining the lung boundaries on the transverse views (slices) using a graphic user interface (GUI). For the lung boundaries containing lung diseases, the radiologist visually estimated the lung boundaries based on the anatomy of normal lung boundary. Figure 1 shows an example of radiologist's outline on a slice in which the right lung contained infection disease. Because manual drawing of the lung boundaries on every slice is very time consuming, the radiologist subjectively selected slices with significant lung shape changes, skipping a variable number of slices in between the selected slices, from the top to the bottom of the lung and drew the lung boundaries on these slices. An average of 15 ± 8 slices per CT scan, which corresponds to an average interval of 18.1 ± 9.6 mm, was selected by the radiologist. A total of 1144 slices were selected and the lung boundaries were manually outlined in the 58 test cases. Extensive lung parenchymal and/or pleural effusion diseases were identified by the radiologist in 34 of the 58 test scans and 2 of the 5 training scans. In the 34 cases with extensive diseases, 15, 9, 3, 3, 6, and 3 cases contained lung diseases of pleural effusions, emphysema, metastatic disease, pulmonary edema, atelectasis, and pneumonia, respectively. Of the man- ually outlined slices in these cases, 62, 46, 12, 12, 18, and 10 slices, respectively, intersected with the disease region. Note that five cases contained more than one type of diseases.
2.B. Methods
Our previously developed EMM method could not segment the lung region accurately in the cases with extensive lung diseases. Figure 2 shows examples of the lung segmentation by EMM in two cases, one had infection in the lung It can be seen that the EMM method failed to segment the lung region accurately when the lung diseases separated the lung into several pieces or were connected to the pleura.
In this study, we developed an iterative neutrosophic lung segmentation (INLS) method to improve the EMM segmentation utilizing the anatomic features of the ribs and lungs. The ribs were extracted using a 3D hierarchical EM segmentation method. The ribcage was then constructed using morphological operations. Based on the anatomic features of the ribs and lungs, the initial EMM segmentation was refined to obtain the final lung regions using INLS. In the INLS method, the anatomic features were mapped into the neutrosophic domain, and the neutrosophic operation was performed iteratively to obtain accurate lung segmentation.
2.B.1. Ribcage construction
The ribcage is a reliable anatomic landmark in CT scan that surrounds the lung regions. Our previously developed EMbased rib segmentation method (EMRS) was adopted in this study for the segmentation of the rib structures. 6 All parameters for the EMRS method were kept the same as those previously trained with an independent lung nodule data set. To construct the ribcage, a 3D morphological dilation operation was applied to the EMRS segmented ribs to fill the gaps between the ribs using a cylindrical structuring element with the size of 1 × 1 × 37.5 mm (in x, y, and z direction). The size of the structuring element was chosen based on the anatomical knowledge that the gaps between human ribs would unlikely be larger than 35 mm. Although a larger structuring element could be chosen, it would cost longer computation time. Figure 3 (a) shows an example of the 3D rendering of the EMRS segmented ribs and Fig. 3(b) shows the constructed ribcage after the gaps between the ribs were filled by the morphological dilation operation.
2.B.2. Lung segmentation using neutrosophic operation
In classical logic, a logical variable is restricted to the values of true (T) and false (F). As an extension of the classical logic set, the neutrosophic set (NS) (Ref. 28 ) adds a third logical value as an indeterminate value to address the uncertainties with more flexibility. In a neutrosophic set, every element x is described by an ordered triplet x = (t, i, f), where t, i, and f are the degree of truth, indeterminacy, and falseness, respectively. In neutrosophic theory, T and F sets are used to represent the absolute true and absolute false sets, and I is for indeterminate or uncertain set. One of the advantages of using neutrosophy is that it can interpret true, false, and indeterminate set and the neutrosophic operations such as the logical AND, OR operation could be flexibly designed to reduce the indeterminacy of the whole set. 28 Our previously developed EMM lung segmentation method was only designed to extract the air-filled lung regions with lower attenuation values. However, the lung regions not only contain air and vessels but also may contain lung diseases. Due to the relatively stable attenuation values of the air in the lungs and the ribs surrounding the lungs, the air region could be segmented by EMM and the ribs by the EMRS method, respectively. In INLS, the initial lung regions (ILRs) by EMM and the ribcage by EMRS were defined as the true neutrosophic sets, T EMM and T Rib , respectively. The magnitudes of the gradients in the rib enclosed region and ILR are defined as the indeterminacy set, I Rib and I EMM , respectively. Thus, the neutrosophic sets are defined as
where A EMM and A Rib are two neutrosophic sets representing the regions derived from ILR and the ribcage, respectively. F EMM is the nonlung region beyond ILR and F Rib is the region outside the ribcage. The anterior ribcage is not included in the A Rib because the costal cartilages connecting the ribs to the sternum often cannot be segmented (see Fig. 3 ) and the anterior ribcage is in contact with the heart region.
For the situation that a lung contains lung disease, A Rib may include the lung disease region and ribcage region, while A EMM may exclude the lung disease region, therefore, both A EMM and A Rib are incorrect. To obtain an accurate lung region, an iterative process is performed in the NS domain to refine the A EMM and A Rib regions, as follows:
Initialization:
(1) T EMM : the initial lung regions by EMM; (2) P T EMM : a three-pixel-wide band along the boundaries of T EMM ; (3) P T Rib : a three-pixel-wide band along the boundaries of T Rib ; (4) T 
Rib ; (6) I Rib (α): a subset of pixels in I Rib whose gradient's magnitude is greater than α and labeled by binary values,
where α is a fixed threshold value for the normalized gradient magnitude of CT intensity determined by the training set. Because the gradient of lung boundary is much stronger than those of the air regions and tissue structures, the lung boundaries that can be extracted are not very sensitive to the variation between 0.1 and 0.3, α is therefore set to the middle value of 0.2.
Iterative process:
(1) At the ith iteration, the I Rib (α) region is combined with T 
), where P T EMM and P T The iterative process continues until it reaches the maximum iteration, which is set as 20 in our experiments. For each iteration, the Y region will be peeled off by a two-pixel-thick layer (about 0.9 mm), thus a total of about 18 mm is peeled off after 20 iterations. Based on the knowledge of lung anatomy, the space between the ribs and the normal lung boundary usually does not exceed about 18 mm, therefore, the maximum iteration number of 20 will peel off enough layers of the ribcage to reach the true lung boundaries. The maximum of the set of the indicators {W (i) , i = 1, . . . , 20} is then found and the index i * of the iteration where W (i) reaches the maximum is identified. The maximum of W (i) indicates the best match between the outer contours of the i * th iterative ribcage and the initial lung region by EMM. The final lung region A Seg * is determined as the union of the ribcage set at the i * th step and the initial EMM segmentation set. Figure 4 illustrates the iterative process. Rib region is obtained by connecting the anterior of the ribcage segmented by EMRS (Fig. 3) and eroding with morphological operation to obtain a concave lung region. The exact location of this boundary is not critical because it does not affect the final lung boundary. Figure 4(b) shows the magnitudes of the gradients in the union of the ribcage region and the EMM segmented lung region. 
2.B.3. Performance evaluation
The lung boundaries manually outlined by an experienced radiologist on the transverse views were used as the reference standard for the performance evaluation of our automated lung segmentation algorithm. Linear interpolation was performed to fill the gaps between the manually drawn sparse boundary points. Let C = {c 1 , c 2 , . . . , c p } be the computeridentified lung boundary that contains p singly connected points, and R = {r 1 , r 2 , . . . , r q } be radiologist's manually outlined and filled lung boundary that contains q singly connected points. The Euclidean distance between a computeridentified lung boundary point c i and a reference standard point r j is Dist(c i , r j ), or equivalently, Dist(r j ,c i ) . For each transverse view on which the radiologist manually outlined the lung boundaries, the accuracy of lung boundary detection is evaluated by three performance metrics:
(1) POA-also known as Jaccard similarity index:
where A C and A R are the computer segmented lung area and the reference standard lung area enclosed by the boundaries C and R. ∪ and ∩ are the union and intersection of two sets, respectively. 
The distance measures are calculated in units of mm. Figure 5 shows examples of the segmented lung regions by the INLS method. Figure 5 Because it is time consuming to manually outline the lung boundaries, the radiologist only outlined the lung boundaries on selected slices (transverse view). For the 58 test cases, the lung boundaries were manually outlined on a total of 1144 slices, which were used as the reference standard for performance evaluation. In comparison with radiologist's manual outlines, the performance metrics (POA, Hdist, and AvgDist) were calculated on the corresponding slices and the mean and standard deviation were computed over the 1144 slices.
RESULTS
3.A. Average performance over all cases
As shown in Table I , the mean and standard deviation of the POA, Hdist, and AvgDist were improved from 85.4 ± 18.4%, 22.6 ± 29.4 mm, and 3.5 ± 5.4 mm using EMM to 91.2 ± 6.7%, 16.0 ± 11.3 mm, and 2.5 ± 1.0 mm using INLS, respectively. The improvement is statistically significant (p < 0.05) for each performance metric by two-tailed Wilcoxon signed rank test. Figures 6(a)-6(c) show the cumulative percentage of slices having POA greater than a certain value and Hdist and AvgDist smaller than a certain value, respectively. It shows that 90.3% (1033/1144) of slices in the computer-segmented lungs had POA ≥ 85%, and that 82.1% (939/1144) and 99.8% (1141/1144) of slices in the computersegmented lung boundaries had Hdist ≤ 25 mm and AvgDist ≤ 5 mm, respectively.
The run time of our INLS method including the rib segmentation and the EMM stages was estimated to be 1020 ± 241 s, on average, on a Dell Precision T3500 workstation with a 3.3 GHz Intel Xeon Processor.
3.B. Comparison in cases with and without extensive lung diseases
To evaluate the segmentation performance for the cases with and without extensive lung diseases, the 58 test cases were separated into two groups: 34 cases containing extensive lung diseases and 24 cases without extensive lung diseases. A 773 slices of the 34 cases and 371 slices of the 24 cases had radiologist's manually outlined lung boundaries. Table II shows the lung segmentation results for the cases with and without extensive lung diseases using the INLS and the EMM method. For both the EMM method and the INLS method, the average POA was higher and the Hdist and AvgDist were smaller for the cases without than those with extensive lung disease. For all cases, all three performance measures by the INLS method were significantly (p < 0.05) better than those by the EMM method.
Comparing the INLS method with the EMM method, the POA improved by 9.4% and 1.9% in the cases with and without diseases, respectively, and the Hdist and AvgDist improved by 30.6% and 36.6% in the cases with diseases, and by 24.8% and 8% in the cases without diseases, respectively. Furthermore, comparing the performance in the cases with and without diseases, the POA, Hdist, and AvgDist were degraded by only 1.5%, 64.3%, and 13.0%, respectively, by the INLS method, whereas they were degraded by 8.3%, 77.9%, and 64.0%, respectively, by the EMM method. The comparison demonstrates that the INLS method can achieve better performance both on the cases with and without diseases than the EMM method, and the INLS method is more robust against the presence of lung diseases than the EMM method for all three performance measures.
3.C. Comparison of segmentation of inner and outer lung boundaries
Along the lung boundaries, the arteries and veins entering and exiting the lungs and the heart are segmented as indentations. We refer to the portion of the lung boundaries surrounding the heart as the inner boundaries and the remaining portions that are enclosed by the ribs and chest wall as outer boundaries, as shown in Fig. 7 . Because the manual outlining of the inner boundaries depends on the radiologist's preferences with respect to the smoothness of boundary, 25 it remains unclear how to define the lung boundaries in the hilar area where the vessels enter and exit the lungs.
To evaluate the performance of INLS on the inner and outer boundaries, the computer-identified lung boundary C of each lung (left or right lung) was divided into inner boundary 
DISCUSSION
Our previous studies 26 show that the EMM method is not reliable for segmenting the lungs containing extensive parenchymal or pleural lung diseases. It is difficult to segment the lungs with extensive lung diseases accurately if only the CT values and gradient information are used. In clinical settings, it is not uncommon that the CTPA exams for PE detection/diagnosis also contain extensive lung diseases. One of the advantages of our INLS method is that it utilizes the neutrosophic logic operations to combine the initial EMM lung segmentation, gradient, and anatomical information such as the ribcage. The novelty of the neutrosophic logic is the flexibility of the logic operation which facilitates the combination of the data and other operations such as morphological operations and edge detection.
The INLS method can work well in most cases with extensive lung diseases. Because it employs the ribcage as the landmark to recover the lung regions obstructed by extensive lung diseases, it is more effective in recovering the lung regions close to the ribs and less effective in the regions close to the sternum. In addition, if the entire lung is obstructed by severe extensive diseases and the CT attenuation values change substantially, the INLS method may not work well because the EMM method may fail to find a reasonable initial lung region and the ribcage cannot recover the entire lung region. Our analysis of the performance of the INLS method and the EMM method in the subsets of cases (with and without extensive lung diseases) and in different lung regions (inner versus outer) further verify the usefulness of the INLS method in overcoming the problems of lung segmentation in the presence of lung diseases. In lung regions in which the lung diseases corrupt the boundaries between the lung and the pleura and create an indeterminate region, the neutrosophic logic can be designed to recover the region as a part of the lungs based on some characteristic features. We found that the gradient in- formation is useful for this purpose and improve the accuracy of lung segmentation significantly in the current data set. It is likely that other image characteristics such as texture features can also distinguish the diseased regions from normal lung tissues. The criteria to characterize the indeterminate regions will need to be designed based on the specific task of interest. The application of neutrosophic logic approach to other segmentation problems will warrant further investigations. We used a data set of CTPA cases for evaluation of the lung segmentation methods because our primary goal is to accurately segment the lung regions for PE detection. However, it is expected that the developed method is applicable to thoracic CT exams for other types of lung abnormalities as an important step for image analysis and CAD applications. For example, because the INLS method can segment the total lung volume including the lung diseases while the EMM method mainly segment the aerated regions without diffused disease, the volume of the lung diseases can be estimated by subtracting the EMM segmented lung volume from the total lung volume. The quantitative and objective measure of the percentage of lung volume with disease will be clinically useful for radiologists to assess the severity of the lung diseases or to track the changes in severity over serial CT exams. Furthermore, the analysis of the feature characteristics in the diseased regions may provide additional information on the severity of the abnormality. For lung nodule detection, adaptive computer-vision techniques may be developed, taking into account the different background structures in the diseased and aerated regions, to improve lesion detection or FP reduction.
The limitation of our study is that the reference standard was provided by only one radiologist on the data set because it is time consuming to manually draw the lung boundaries. There is no evaluation of intra-and inter-reader variabilities. However, since the lung boundaries are relatively visible to the radiologist, inter-and intra-reader variabilities may be caused more by inconsistency in hand-drawing than judgment of the location of the boundaries. Furthermore, the improvement in segmentation by the INLS method is highly significant in most cases, it is not expected that the conclusion will change even if the variabilities are taken into account. Another limitation is that we have not evaluated the INLS method with cases containing invasive disease in the diaphragm and the chest wall. The method may not be able to segment the lung regions correctly if the intensity distributions of the diaphragm and the chest wall are changed substantially due to the presence of invasive disease. We will continue to improve the lung segmentation method for various disease conditions when representative cases are corrected into our database. We will also incorporate the improved lung segmentation method into our CAD system to improve PE detection in CTPA.
CONCLUSION
This study demonstrated that our new INLS method utilizing the anatomic information of rib structures and fusion with initial EMM segmentation improved the lung segmentation significantly compared with our previously developed EMM method, especially for the cases affected by lung diseases. Automated and accurate lung segmentation is a fundamental step for many image analysis tasks and CAD applications in thoracic CT including PE detection.
